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search results based on entity associations of the search
items. An example method includes generating first-level
clusters of items responsive to a query, each cluster repre-
senting an entity in a knowledge base and including items
mapped to the entity, merging the first-level clusters based
on entity ontology relationships, applying hierarchical clus-
tering to the merged clusters, producing final clusters, and
initiating display of the items according to the final clusters.
Another example method includes generating first-level
clusters from items responsive to a query, each cluster
representing an entity in a knowledge base and including
items mapped to the entity, producing final clusters by
merging the first-level clusters based on an entity ontology
and an embedding space that is generated from an embed-
ding model that uses the mapping, and initiating display of
the items responsive to the query according to the final
clusters.
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1
CLUSTERING SEARCH RESULTS

BACKGROUND

Search engines conventionally provide search results in
the form of a ranked list. Some search engines, such as a
search engine for mobile applications, provide popular
search results near the top of the ranked list. But popular
generic searches, such as “games” or “tools” in a mobile
application search engine, cover a large space and the
conventional ranked lists provide no logical structure within
the results, which allows a few popular applications to
dominate the list, making the results insufficiently diverse
for some users.

SUMMARY

Implementations provide an improved system for cluster-
ing search results. The system uses entities in a knowledge
base to form clusters of similar responsive search items. The
entities may be classified in an entity ontology, so that
parent-child and synonym relationships are known between
entities. The search items can be mapped to one or more of
the entities. Search items that are responsive to a query can
first be clustered by entity, so that a cluster is all the
responsive search items that are associated with one par-
ticular entity. Then the system may merge clusters based on
entity ontology, i.e., where the entities are synonyms for
each other, are a parent-child, or are siblings. Some imple-
mentations may evaluate cluster results using coverage,
balance, overlap, and/or a silhouette ratio. Some implemen-
tations may use coverage, balance, overlap, and/or a silhou-
ette ratio to evaluate clusters generated without using entity
ontology. Each cluster result may be evaluated based on a
regression of one or more of the metrics. Some implemen-
tations may employ several clustering methods in parallel to
determine potential clusters and select the method that
produces the highest scoring clusters. One of the clustering
methods that some implementations may use is two-step
clustering. In two-step clustering the system first generates
one cluster per entity and then merges clusters based on
ontology (e.g., synonym, parent-child, or sibling relation-
ships). Clusters for merging may be selected in one of two
ways. The first way is to merge two ontologically related
entity clusters with the highest similarity score, e.g., a cosine
similarity based on an embedding space learned from the
search-item to entity mappings. A second way is to merge
smaller ontologically related entity clusters together first.
Once the best clusters are found in the first stage, in the
second stage the system may apply a classical hierarchical
clustering (e.g., a greedy algorithm) to further combine
clusters. In some implementations the hierarchical clustering
may use an embedding similarity to further merge the
clusters.

According to one aspect, a method includes determining
items responsive to a query, generating first-level clusters of
items, each cluster representing an entity in a knowledge
base and including items mapped to the entity, merging the
first-level clusters based on entity ontology relationships,
and applying hierarchical clustering to the merged clusters,
producing final clusters. The method also includes initiating
display of the items responsive to the query according to the
final clusters.

According to one aspect, a method of scoring a cluster
includes generating first clusters from items responsive to a
query each cluster representing an entity in a knowledge
base and including items mapped to the entity, calculating a
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2

respective coverage score for each first cluster, calculating a
respective balance score for each first cluster, calculating a
respective overlap score for each first cluster, calculating a
respective silhouette score for each first cluster, calculating
a silhouette ratio that applies to all first clusters, and calcu-
lating, for each first cluster, a respective cluster score as a
regression of the respective coverage score, the respective
balance score, the respective overlap score, the respective
silhouette score, and the silhouette ratio.

According to one aspect, a method includes determining
items responsive to a query, generating first-level clusters
from the items, each cluster representing an entity in a
knowledge base and including items mapped to the entity,
producing final clusters by merging the first-level clusters
based on an entity ontology and an embedding space, the
embedding spacing being generated from an embedding
model that uses the mapping, and initiating display of the
items responsive to the query according to the final clusters.

In another aspect, a computer program product embodied
on a computer-readable storage device includes instructions
that, when executed by at least one processor formed in a
substrate, cause a computing device to perform any of the
disclosed methods, operations, or processes disclosed herein

One or more of the implementations of the subject matter
described herein can be implemented so as to realize one or
more of the following advantages. As one example, the
system provides a similarity metric, evaluation criteria, and
a clustering method uniquely suited for searching applica-
tions in a web store, although searching in other domains can
also benefit from this disclosure. The disclosed implemen-
tations provide coherent clusters of search results, providing
logical structure within the results, enabling the query
requestor to easily explore the search items responsive to the
query, and ensuring variety is apparent to the requestor. As
another example, implementations easily scale to large
search systems because the assignment to categories does
not rely on manual assignment or clustering. As another
example, some implementations provide a flexible, optimi-
zation-based framework running multiple ontology-based
clustering algorithms to provide an optimal output.

The details of one or more implementations are set forth
in the accompanying drawings and the description below.
Other features will be apparent from the description and
drawings, and from the claims.

BRIEF DESCRIPTION OF DRAWINGS

FIG. 1 illustrates an example system in accordance with
the disclosed subject matter.

FIG. 2 illustrates an example display of search results
clustered using entity ontology, in accordance with disclosed
subject matter.

FIG. 3 illustrates a flow diagram of an example process
for clustering search results using entity ontology, according
to an implementation.

FIG. 4 illustrates a flow diagram of an example process
for scoring possible clusters, in accordance with disclosed
subject matter.

FIG. 5 illustrates a flow diagram of an example process
for generating an entity ontology, in accordance with dis-
closed subject matter.

FIG. 6 shows an example of a computer device that can
be used to implement the described techniques.

FIG. 7 shows an example of a distributed computer device
that can be used to implement the described techniques.
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Like reference symbols in the various drawings indicate
like elements.

DETAILED DESCRIPTION

FIG. 1 is a block diagram of a search result clustering
system in accordance with an example implementation. The
system 100 may be used to generate an entity ontology and
use the entity ontology to cluster search results prior to
presentation to the user. The depiction of system 100 in FIG.
1 is described as a system for searching for applications, e.g.,
search items, in a web store. However, other configurations
and applications may be used. For example, the search items
need not be software applications. For example, the search
items may be any products sold in a marketplace or docu-
ments available over a network, songs in an online music
store, images in a gallery, etc. As another example, imple-
mentations need not include every element or functionality
described with regard to system 100. For example, some
systems may not use parallel evaluation of various clustering
methods but may select one. As another example, some
implementations may not use the particular cluster evalua-
tion metrics discussed.

The search result clustering system 100 may be a com-
puting device or devices that take the form of a number of
different devices, for example a standard server, a group of
such servers, or a rack server system, such as server 110. In
addition, system 100 may be implemented in a personal
computer, for example a laptop computer. The server 110
may be an example of computer device 600, as depicted in
FIG. 6 or computer device 700, as depicted in FIG. 7.

Although not shown in FIG. 1, the server 110 can include
one or more processors formed in a substrate configured to
execute one or more machine executable instructions or
pieces of software, firmware, or a combination thereof. The
processors can be semiconductor-based—that is, the proces-
sors can include semiconductor material that can perform
digital logic. The server 110 can also include an operating
system and one or more computer memories, for example a
main memory, configured to store one or more pieces of
data, either temporarily, permanently, semi-permanently, or
a combination thereof. The memory may include any type of
storage device that stores information in a format that can be
read and/or executed by the one or more processors. The
memory may include volatile memory, non-volatile
memory, or a combination thereof, and store modules that,
when executed by the one or more processors, perform
certain operations. In some implementations, the modules
may be stored in an external storage device and loaded into
the memory of server 110.

The modules may include an indexing engine 126, a
search engine 120, and optionally an entity ontology engine
150. The indexing engine 126 may maintain an index 130 of
search items 134 for use by the system 100. The search items
134 may be any items in a collection. For example, search
items 134 may be documents available over the Internet,
documents available on an Intranet, mobile applications,
web applications, or plugins via a web store, songs in an
online music store, items for sale via an online marketplace,
etc. The indexing engine 126 may process the search items
134 and update index entries in the index 130, for example,
using conventional or other indexing techniques.

In some implementations, the indexing engine 126 may
use the knowledge base 136 to associate search items 134
with entities in the knowledge base. For example, the search
items 134 may include an annotation, description, or other
text associated with a search item, or the item may itself
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include text (e.g., when the item is a document). The
indexing engine 126 (or another module not shown) may
identify an entity mentioned in the annotation, description,
or other text associated with the search item, and may map
the search item to that entity. The mapping may be stored in
the index 130, in entity metadata 138, or as cluster assign-
ments 132, for example. Each search item in search items
134 may map to one or more entities in the knowledge base
136. In some implementations, only a predefined number of
entities are mapped to a search item, e.g., only 5 entities at
most are mapped to a search item. In some implementations,
the mapping may be based on a relevance score, for
example, indicating the relevance of the entity to the search
item and only the most relevant entities (e.g., those with a
relevance score meeting a threshold) are mapped to the
search item. In some implementations, the server 110 may
include other modules or processes (not shown) that update
and maintain the knowledge base 136.

In some implementations, the indexing engine 126 (or
entity ontology engine 150 or another module not shown)
may generate an embedding for the search item that maps
the search item and entities onto an embedding space. For
example, the system 100 may give all entities related to a
search item via text a score ranging from 0 to 1, with 1
representing the highest relevance between the search item
and the entity. The system may use a machine learning
algorithm to generate an embedding for the search item
using these scores. The embedding space is represented by
trained embedding model 140. In the embedding space, each
search item and entity is represented as a point in high-
dimension space. The system 100 may use this embedding
space (trained embedding model 140) to determine similar-
ity between search items or entities by using the distance
between points. The distance refers to how closely related
two objects (search items or entities) are.

The search result clustering system 100 may include
knowledge base 136. A knowledge base conventionally
stores information (facts) about entities. Entities may rep-
resent a person, place, item, idea, topic, abstract concept,
concrete element, other suitable thing, or any combination of
these, and may be represented by a node in the knowledge
base. Entities in the knowledge base may be related to each
other by edges. The edges may represent relationships
between entities, i.e., facts about entities. For example, the
data graph may have an entity that corresponds to the actor
Humphrey Bogart and the data graph may have an acted in
relationship between the Humphrey Bogart entity and enti-
ties representing movies that Humphrey Bogart has acted in.
In some implementations, the facts may be stored in a tuple,
such as <Humphrey Bogart, acted in, Maltese Falcon>. In
some implementations the knowledge base 136 may also
store some facts about an entity as attributes of the entity.
For example the knowledge base 136 may include a birth
date for the entity Humphrey Bogart. The attribute may also
be considered a labeled relationship for the entity, linking
the entity to an attribute value. Thus knowledge about an
entity may be represented as labeled relationships between
entities and labeled relationships for an entity. A knowledge
base with a large number of entities and even a limited
number of relationships may have billions of connections. In
some implementations, knowledge base 136 may be stored
in an external storage device that is accessible from server
110, for example via a network connection. In some imple-
mentations, not all entities represented in the knowledge
base 136 may relate to the search items 134.

The server 110 may include an entity ontology engine
150. For the purposes of this disclosure, an entity ontology
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is a set of relationships that link entities as either synonyms
or as parent-child. In other words, in an entity ontology, an
entity may be related to one or more other entities as a
synonym or a hypernym, i.e., as the parent of the other
entity, or as a child of the other entity. The entity ontology
can be stored as named relationships in the knowledge base
136 (e.g., an edge representing a synonym, ontologic child,
or ontologic parent between entities. In some implementa-
tions, the entity ontology may be stored in entity metadata
138. In some implementations, the entity ontology, or in
other words the synonym and parent/child relationships,
may be curated by hand. In some implementations, the
system 100 may include entity ontology engine 150 that
proposes relationships which may be verified by hand. In
some implementations, the verification may take the form of
crowdsourcing. For example, the entity ontology engine 150
may be provided with a subset of entities from the knowl-
edge base 136 that are relevant to the search items 134. In
a small knowledge base 136, the subset may be all entities,
but in a large knowledge base 136 (e.g., millions of entities),
the subset may represent entities that are mapped to the
search items in search items 134. In some implementations
the subset may be the entities mapped most often to search
items, e.g., entities mapped to a plurality of search items
may be selected over those that map to only one search item.

For the subset of entities, the entity ontology engine 150
may select candidate entity pairs. The entity ontology engine
150 may use a variety of methods to select candidate pairs.
The specifics of candidate pair selection is discussed in more
detail below with regard to FIG. 5. The candidate pairs may
then be presented to a crowdsourcing application. Crowd-
sourcing applications, such as MECHANICAL TURK and
others, enlist the assistance of humans to verify or supply
information. In this setting, the system 100 may use a
conventional or other crowdsourcing application to verify
the relationship between the candidate entities. For example,
a crowdsourcing user may be asked to label a candidate pair
as a synonym or as a parent/child/sibling, e.g., hypernym
relationship, or as unrelated or unknown. Once a relation-
ship has been verified as either a synonym or hypernym, the
entity ontology engine 150 may add the candidate pair to the
entity ontology, for example in entity metadata 138 or
directly in the knowledge base 136. A hypernym relationship
exists between a first entity and a second entity when the first
entity is either a parent of or a child of the second entity. The
first entity is a co-hypernym of the second entity when the
first entity and the second entity have the same parent.

The modules may also include search engine 120. The
search engine 120 may be configured to use the index 130
to identify search items 134 that are responsive to a query
182 and to provide a search result 184 in response to the
query 182. The search engine 120 may include a result
engine 124 that may parse the query 182 for keywords and
may use the keywords to identify search items from search
items 134 that are responsive to the query 182 using index
130 and conventional or later discovered techniques. The
search engine 120 may also include a ranking engine that
orders the search results. The search engine 120 may also
include clustering engine 122. Once responsive search items
are discovered, the clustering engine 122 may cluster the
responsive search items prior to arrangement of the respon-
sive search items in the search result 184.

Clustering the responsive search items improves the user
experience by providing a natural logical structure within
the responsive search items in order to maintain and display
diversity represented by responsive items. Using entity
ontological relationships to cluster the search items
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6

improves the clustering by better simulating nuanced search
item similarity not captured in conventional hierarchical
clustering methods. Thus, the clustering engine 122 may
cluster the responsive search items using entity ontological
relationships. For example, the clustering engine 122 may
form a first-level cluster for each entity represented in the
responsive search items. A search item may be mapped to
one or more entities, e.g., via entity metadata 138 or as
metadata in the search items 134. The clustering engine 122
may use the mapping to generate the first-level clusters.
Because a search item may be mapped to more than one
entity, the search item may be included in more than one
first-level cluster. As indicated earlier, each first-level cluster
includes responsive search items mapped to an entity that
represents the cluster.

In some implementations, the clustering engine 122 may
use an optimization-based framework to select final clusters
for use in formatting the search result 184. In an optimiza-
tion-based framework, the system may use many different
clustering methods in parallel to produce different candidate
final cluster results and select as the final cluster result the
candidate with the best evaluation criteria, e.g., cluster score.
One clustering method may include merging clusters based
on entity ontology, merging the most similar clusters first,
and then applying distance-based clustering to generate the
final clusters. Cluster similarity may be based on an embed-
ding similarity, although other conventional similarity mea-
sures can be used. For example, using the mapping of search
items to entities, the system 100 may train an embedding
model 140, e.g., a WALS (weighted average least squares)
model, to map search items and entities into an embedding
space, as described above. The embedding similarity
between two search items can be represented as the cosine
similarity within the embedding space. In this particular
example, when two entities are ontologically related (i.e.,
synonyms, hypernyms, or co-hypernyms) the two entities
are a candidate pair for further clustering. Candidate pairs
may be evaluated for similarity (e.g., using embedding
similarity or another similarity measure), and the pairs with
the highest similarity are evaluated for merging first.

The clustering engine 122 may perform rounds of clus-
tering (e.g., first level, second level, etc.) and evaluate the
clusters after each round. The clustering engine 122 may
evaluate potential clusters based on several metrics. Accord-
ingly, the clustering engine 122 may calculate a cluster score
for each first-level cluster. If the cluster score for a merged
cluster falls below the cluster scores for the component
clusters (e.g., the first-level clusters used to form the second-
level cluster) the clustering engine 122 determines that the
merge is not beneficial and may undo the merge. In other
words, if a first cluster and a second cluster are a candidate
pair, but the cluster score for the candidate pair is lower than
the cluster score for the first cluster or for the second cluster,
the clustering engine 122 may discard the cluster pair, e.g.,
decide not to merge the first cluster and the second cluster.
If the cluster score for the candidate cluster is higher, the
combination is considered beneficial and the clustering
engine 122 may proceed with combining the first cluster and
the second cluster. Thus, the clustering engine uses the
cluster metrics to generate the highest quality, or best cluster
candidates.

In some implementations, the cluster evaluation metrics
may be based on a number of factors. The first possible
factor is coverage. A coverage score measures the percent-
age of top-ranked, popular, or relevant search items that the
clusters cover. Whether a search item is top-ranked, popular,
or relevant depends on the domain of the search item. For
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example, search items that are applications in a web store
may be top-ranked or popular when they are installed after
appearing in search results for a search. This is also known
as conversion. Similarly, for items in a marketplace or songs
available for purchase, the top-ranked or popular items may
also be those items actually purchased after a search. A
document in a repository (e.g., webpage, image, or video)
may be top-ranked or popular when it is selected from a
search result presented to the user. An item may also be
considered popular based on indicators from social media.
Such information may be kept in search records relating to
queries submitted to the search engine 120. The search
records may keep statistics and metadata about queries and
responsive search items submitted to the search engine 120
without storing any personally identifying information, or
may anonymize such information, for example by storing a
city or zip code for the query information only. A higher
percentage of conversion, or in other words the more popu-
lar/top-ranked search items the clusters include, the higher
the coverage score.

The cluster evaluation metric can also be based on bal-
ance. Balance is a measure of how proportional or uniform
the clusters are in terms of conversion size, and is calculated
as the entropy of the conversion distribution across clusters.
A high balance score means the clusters are of equal or
similar size. In other words, high balance indicates the most
popular/top-ranked search items appear fairly evenly across
the clusters. The cluster evaluation metrics can also be based
on overlap. An overlap score measures how many duplicate
search items are included in different clusters. As indicated
above, a search item may be included in more than one
first-level cluster (e.g., a cluster for an entity). As the clusters
are merged through one or more rounds, the search item may
still appear in more than one cluster. A high overlap score,
e.g., indicating a high number of search items in more than
one cluster, is undesirable.

The cluster evaluation metrics can also be based on
silhouette. A silhouette score measures how coherent and
separate a cluster is. The clustering engine 122 may thus
calculate a silhouette score for each cluster. A silhouette
score of a single cluster has two components: first, a
self-similarity among the search items within the cluster;
and second a similarity between search items from the
cluster to the nearest neighbor cluster. Nearest neighbor is
understood to be another cluster that is most similar to the
cluster, usually determined by a similarity score (e.g.,
embedding similarity or other similarity score). For a cluster
score to be high (e.g., desirable or of high quality), a cluster
should be highly self-similar but not similar to its nearest
neighbor. In other words, a cluster should be coherent
(self-similar) and separate (not very similar to its nearest
neighbor).

Finally, the cluster evaluation metrics may also be based
on a silhouette ratio. A silhouette ratio score measures the
coherence and separation of the overall clustering result. The
silhouette ratio score represents the percentage of clusters in
the clustering result with a silhouette score above a pre-
defined threshold. The higher the percentage, the better
quality the overall clustering result, e.g., the clusters for the
current round or level.

The cluster score for a cluster may be a combination of
one or more of the five metrics outlined above. In some
implementations, the cluster score for a cluster may be a
regression of the five metrics. The weight may be imple-
mentation-dependent, reflecting how important any one met-
ric is to the overall quality of the clustering result.
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The rounds of clustering based on entity ontology merg-
ing most similar clusters first may be considered the first
stage of a two-stage clustering process. After the first stage,
e.g., one or more rounds of clustering based on entity
ontology merging the most similar clusters first, the clus-
tering engine 122 may perform a second stage, applying a
distance-based clustering, such as hierarchical agglomera-
tive clustering, to generate final clusters. The distance-based
clustering may merge the most similar clusters, e.g., based
on the embedding space distance. The clustering result of
each round of distance-based clustering may be evaluated
using the evaluation criteria described above. In some
implementations, the system may adjust the similarity score,
e.g., the embedding similarity, for cluster pairs that include
entities are related in the entity ontology, e.g., are synonyms,
hypernyms, or co-hypernyms to favor similarity (e.g., reduc-
ing the distance value). This favors merging clusters with
related entities and can result in more coherent clusters. The
final clusters from this method may represent first final
clusters that can be used to present the search items to the
requestor.

In addition to the two-stage clustering method described
above, the clustering engine 122 may also perform a second
two-stage clustering method. The second stage of this two-
stage clustering method may be the same as the second stage
discussed above, namely using a distance based clustering
method to generate final clustering results. The first stage
may be similar to the first stage discussed above, in that it
is based on the entity ontology. The difference in this second
two-stage clustering method is that smaller clusters are
merged together first, rather than the most similar clusters.
For example, the clustering engine 122 may find clusters that
are related based on ontology, such as synonyms, hyper-
nyms, or co-hypernyms, and may merge the smallest clus-
ters together in a round of clustering, evaluating the cluster
results after each round based on the metrics above. After
merging the smallest ontologically-related clusters together,
e.g., after the first stage, the clustering engine 122 may then
perform additional rounds of clustering using distance clus-
tering, e.g., hierarchical agglomerative clustering, as
described above. The clustering result of each round of
distance-based clustering may also be evaluated using the
criteria described above. The final clusters from this method
may represent second final clusters, and are an alternative to
the first final clusters. The clustering engine 122 may select
the final clusters that indicate higher quality, e.g., based on
the cluster scores.

In some implementations, the clustering engine 122 may
also perform other clustering methods in parallel with the
two two-stage clustering methods described above. For
example, the clustering engine 122 may perform distance-
based clustering, but may adjust the cluster score for a
cluster when the components of a cluster are related in the
entity ontology. For example, the clustering engine 122 may
use an embedding similarity to find cluster candidate pairs,
and may adjust the similarity score to favor quality (e.g.,
adjust lower when a lower distance indicates higher simi-
larity) for a cluster candidate when the entities in the pair are
related in the entity ontology. The methodology favors
cluster results that pair related entities (e.g., synonyms,
hypernyms, or co-hypernyms). The final clusters generated
using this method may be considered a third final cluster
result, and measured against the final cluster results obtained
via the two-stage clustering methods. Again, the clustering
engine 122 may select the final clusters that indicate highest

quality.
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In some implementations, as part of optimization-based
framework, the clustering engine 122 may perform distance-
based clustering to generate fourth final clusters. The dis-
tance-based clustering may use embedding similarity, as
indicated above, but disregard entity ontological relation-
ships.

The use of several different clustering methods in parallel
provides flexibility for clustering engine 122 to determine
the best clusters for the particular query, based on the
prescribed evaluation metrics. For example, using two-stage
clustering may achieve higher coverage for queries that have
fragmented results (e.g., results covering many different
entities, each only related to a few search items) but may
result in incoherent clusters in other queries. Because all
clustering methods use the same evaluation criteria, but
different clustering parameters, the parallel execution of the
different clustering methods can provide the optimal result
for a particular query.

The clustering engine 122 decides on a final set of clusters
(e.g., selecting final clusters from the clustering method that
produces the highest quality clusters), the result engine 124
may generate information used to display the responsive
search items to the query requestor as search results. The
result engine 124 may organize responsive search items by
cluster. FIG. 2 illustrates an example user interface 200
displaying search items organized by cluster, according to an
implementation. In the user interface 200, the search items
are mobile applications available from a web store. Example
queries that may result in the user interface 200 includes
“stickman” or “stickman game.” The example user interface
200 includes three final clusters; sport games 205, action
games 210, and arcade games 215. As illustrated, clusters
may have overlapping search items, such as search item 250,
in both the sport games 205 cluster and the action games 210
cluster, as well as search item 255, in the action games 210
cluster and the arcade games 215 cluster. In some imple-
mentations, not all search items in a cluster may be pre-
sented, instead a representative number of items may be
presented and additional items in the cluster can be viewed
by selecting a “see more” control 220. Of course other user
interface configurations are contemplated and user interface
200 is presented as one example.

Returning to FIG. 1, the system 100 may include a trained
embedding model 140. An embedding model is used to
represent things, such as search items, in a feature vector,
also known as an embedding. A classifier, such as a WALS
model, can be provided features for an item and the classifier
generates an embedding that represents the item. Other
items may be mapped onto the embedding spaces by the
trained classifier, or in other words the trained embedding
model 140. The trained embedding model 140 may thus map
a search item or an entity onto an embedding space using
conventional or later discovered techniques. The embedding
for a search item may then be used as a measure for
similarity with another search item. Likewise, the embed-
ding for an entity mapped to an embedding space may be
used as a similarity metric for determining similarity with
another entity.

The system 100 may also include cluster assignments
132. The cluster assignments 132 may represent the map-
ping of search items to one or more entities, as a cluster
includes the search items that map to a specific entity that
represents the cluster. In some implementations, the system
100 may compute these cluster assignments 132 indepen-
dently of any queries. In such an implementation, the search
engine 120 may determine responsive search items and then
use the cluster assignments 132 to determine which clusters

10

15

20

25

30

35

40

45

50

55

60

65

10

those items are mapped to and generate first-level clusters
based on the cluster assignments for the responsive search
items. In other words, the first level clusters may be an
intersection of the cluster assignments 132 and the respon-
sive search items. In other implementations, the cluster
assignments 132 may be determined by another mapping,
for example as part of metadata in search items 134 or entity
metadata 138, at query time.

Search result clustering system 100 may be in commu-
nication with client(s) 170 over network 160. Clients 170
may allow a user to provide query 182 to the search engine
120 and to receive search result 184, which organizes
responsive search items by cluster assignment. Network 160
may be for example, the Internet or the network 160 can be
a wired or wireless local area network (LAN), wide area
network (WAN), etc., implemented using, for example,
gateway devices, bridges, switches, and/or so forth. Via the
network 160, the search result clustering system 100 may
communicate with and transmit data to/from clients 170. In
some implementations, search result clustering system 100
may be in communication with or include other computing
devices that provide updates to the knowledge base 136 and
search items 134. Search result clustering system 100 rep-
resents one example configuration and other configurations
are possible. In addition, components of system 100 may be
combined or distributed in a manner differently than illus-
trated. For example, in some implementations one or more
of the search engine 120, the indexing engine 126, the
clustering engine 122, the result engine 124, and the entity
ontology engine 150, may be combined into a single module
or engine. In addition, components or features of the search
engine 120, the indexing engine 126, the clustering engine
122, the result engine 124, and the entity ontology engine
150 may be distributed between two or more modules or
engines, or even distributed across multiple computing
devices.

FIG. 3 illustrates a flow diagram of an example process
300 process for clustering search results using entity ontol-
ogy, according to an implementation. Process 300 may be
performed by a search result clustering system, such as
system 100 of FIG. 1. Process 300 is an example of an
optimization-based clustering framework that performs vari-
ous clustering methods in parallel, selecting the final clus-
tering result from among the various final result candidates.
Process 300 may begin with the search result clustering
system determining search items responsive to a query
(305). In some implementations, the search items may be
applications available in a web store. Responsive items may
be items that are associated with keywords or keyword
synonyms from the query using conventional or later dis-
covered techniques. The system may then generate and score
first level clusters of responsive items based on entity
association (310). Each first level cluster may correspond to
a single entity, and the responsive search items in the cluster
may be mapped to that entity. The mapping may occur based
on entities found in or associated with a description of the
item or in other text associated with the item. In some
implementations, the mappings may be curated by hand. For
example, in an implementation where the search items are
applications available in a web store, the application devel-
oper may provide one or more entities that the application
maps to.

The system may also generate a cluster score for a
first-level cluster. The cluster score represents a quality
measure for the cluster and may be based on a number of
factors. The factors that may be used to generate a cluster
score are outlined in more detail below with regard to FIG.
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4. The cluster score for a particular cluster may be a
combination of the factors explained with regard to FIG. 4.
In some implementations, the combination may be a regres-
sion, with the weights favoring factors that are more impor-
tant in the particular search domain.

The system may then begin parallel computation of final
cluster candidates using various clustering methods. A first
clustering method may be a two-stage clustering method that
first merges the first-level clusters based on entity ontology,
merging most similar clusters first (315). The entity ontol-
ogy may relate one entity to another as a synonym, as a
parent, as a child, or as the child of the same parent. Thus,
in this clustering method, only a synonym entity, a parent
entity, a child entity, or a sibling entity can be considered for
merging, e.g., be a candidate pair. From among the candidate
pairs, the system may select a candidate pair that has a
highest similarity among the pairs. In some implementa-
tions, the cluster similarity may be based on an embedding
space, e.g., that maps apps and entities to the embedding
space. Similarity may be the cosine similarity within the
embedding space. In some implementations, the cluster
similarity may be based on similarity of users. For example,
web applications may be downloaded and installed by many
of the same users, and the more overlap between users the
more similar the clusters are. In some implementations,
cluster similarity may be based on the number of cluster
members that appear together in the top search results for a
number of similar queries. Of course, implementations may
work with other similarity metrics, and the examples above
are exemplary.

Clustering in the first stage may be performed in rounds
to determine the best clustering arrangement in a particular
round. For example, if clusters A, B, C, D, and E are all
synonyms of each other, the system may pair A and C and
B and D first based on the similarity metric. The cluster
score is then computed for the AC cluster and the BD cluster.
Cluster E remains by itself in the second round/level. The
cluster scores are then compared to the cluster scores for the
individual clusters, namely A, B, C, D, and E. For example,
the system may compare the AC cluster score to the cluster
score for A and C. If the cluster score of AC is not better than
A and C, the system may undo this cluster (and mark it as
tried so it does not pair the two clusters again). If the cluster
score for B and D is better (e.g., higher), than the cluster
scores for B and D alone, the clustering may be kept. The
system may continue rounds of pairing existing clusters
having an ontological relationship together until intermedi-
ate clusters are formed. In some implementations, the first
stage may end when pairs of ontologically related clusters
no longer meet a minimum degree of similarity. The inter-
mediate clusters represent the best clusters based on onto-
logical relations, favoring similar clusters first.

In a next stage, the system may merge the intermediate
clusters using a distance-based clustering methodology, such
as hierarchical agglomerate clustering (320). In some imple-
mentations, the selection of cluster pairs for hierarchical
clustering may be based on an embedding model similarity.
In some implementations, intermediate clusters that are most
similar, regardless of entity ontology, may be candidate
cluster pairs. In some implementations, intermediate clusters
that are ontologically related may receive a boost to their
similarity score. For example, a distance metric may be
decreased (i.e., indicating a higher degree of similarity)
when the intermediate clusters being considered as a can-
didate pair include entities that are synonyms, hypernyms, or
co-hypernyms. The clusters formed in the rounds of clus-
tering may be scored as outlined above, with the hierarchical
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clustering generating final clusters that have optimized clus-
ter scores. In a parallel clustering environment, these clus-
ters may be considered first final cluster candidates.

A second clustering method may be another two-stage
clustering method. In this two-stage clustering method, the
system first merges the first level clusters based on entity
ontology, merging smallest clusters first (325). The entity
ontology may relate one entity to another as a synonym, as
a parent, as a child, or as the child of the same parent. Thus,
in this clustering method, only a synonym entity, a parent
entity, a child entity, or a sibling entity can be considered for
merging, e.g., be a candidate pair. From among the candidate
pairs, the system may select a candidate pair that has a
smallest size among the pairs. Clustering in the first stage
may be performed in rounds to determine the best clustering
arrangement in a particular round. For example, if clusters
A, B, C, D, and E are all synonyms of each other, the system
may pair A and D together because they each contain the
fewest members. The system may pair B and E together
because they contain the second fewest pairs. The system
may then compute the cluster score for the AD cluster and
the BE cluster. Cluster C remains by itself in this second
round. The cluster scores are then compared to the cluster
scores for the individual member clusters from the previous
level, as outlined above, with a merge being undone when
the resulting cluster does not result in an increased quality
(e.g., a higher cluster score). The system may continue
rounds of pairing existing clusters having an ontological
relationship and smallest members together until interme-
diate clusters are formed. The intermediate clusters repre-
sent the best clusters based on ontological relations, favoring
smallest clusters first.

In a next stage, the system may merge the intermediate
clusters using a distance-based clustering methodology, such
as hierarchical agglomerate clustering (330). In some imple-
mentations, the selection of cluster pairs for hierarchical
clustering may be based on an embedding model similarity.
In some implementations, intermediate clusters that are most
similar, regardless of entity ontology, may be candidate
cluster pairs. In some implementations, intermediate clusters
that are ontologically related may receive a boost to their
similarity score. For example, a distance metric may be
decreased when the intermediate clusters being considered
as a candidate pair include entities that are synonyms,
hypernyms, or co-hypernyms. The clusters formed in the
rounds of clustering may be scored as outlined above, with
the hierarchical clustering generating final clusters that have
optimized cluster scores. In a parallel clustering environ-
ment, these clusters may be considered second final cluster
candidates.

A third clustering method may be a conventional hierar-
chical cluster method that adjusts the similarity score based
on entity ontology when determining which clusters to
merge (335). As outlined above, the hierarchical clustering
method may rely on a similarity metric between the clusters
and may attempt to merge the most similar clusters first.
However, the system may boost the similarity metric to
favor higher similarity between two clusters when the two
clusters include entities that are ontologically related. In
some implementations, the boost may set the similarity
metric to a highest similarity value. In some implementa-
tions, the boost may represent a percentage increase, such as
50%. Other implementations may use another value to boost
the similarity metric. In some implementations, the similar-
ity metric may be a distance based on an embedding space,
as discussed above, with a smaller distance representing a
higher similarity. The clusters in each round of clustering



US 10,496,691 B1

13

may be scored using the metrics outlined above. The clusters
formed in the rounds of hierarchical clustering may be
considered third final cluster candidates.

In another clustering method, the system may apply
hierarchical clustering using a similarity metric, but may not
use entity ontology in any way (340). Thus, the hierarchical
cluster may work as outlined above, but without the boost to
the similarity metric. The clusters generated at each round
may be evaluated using the evaluation metrics outlined
above. Thus, the evaluation metrics used to score the clusters
may remain constant across the various clustering algo-
rithms performed in parallel. The clusters generated using
this method may be considered fourth final cluster candi-
dates.

The system may then select the final cluster results that
has the best cluster score, e.g., the score that indicates the
highest quality, as the clustering used to generate the search
result (345). The highest score may be determined as a
combination of the individual cluster scores represented in
the final cluster candidates. For example, the score may be
an average of the cluster scores, a sum of the cluster scores,
etc. Of course, in some implementations, only one of the
methods above may be used and step 345 is optional, as the
system only generates one final cluster result. In some
implementations, the system may use only two or three
different clustering methods in parallel, or may use addi-
tional clustering methods not described. The system may use
the selected final cluster candidate to organize the search
result that is presented to the user, as outlined above with
regard to FIG. 2. Process 300 then ends,

FIG. 4 illustrates a flow diagram of an example process
400 for scoring possible clusters, in accordance with dis-
closed subject matter. Process 400 may be performed during
a clustering process and is not dependent on the clustering
process selected. In generating a cluster score, the system
may first calculate a coverage score that measures the
number of top-rated or popular search items in each cluster
(405). In one implementation, top-rated search items may be
the items that are ultimately downloaded/purchased after a
query. In one implementation, top-rated search items may be
the items with a highest relevancy or user-provided ranking.
In one implementation, the coverage score may be a per-
centage of the items in the cluster that are considered
top-ranking A higher score thus indicates high coverage (a
better indication of quality). The system generates a respec-
tive cluster score for each cluster in the cluster result (e.g.,
a clustering level).

The system may then calculate a balance score for each of
the clusters (410). The balance score may be calculated as
the entropy of the conversion distribution across clusters. A
high balance score may indicate that the coverage score for
the cluster being scored does not vary much from the
coverage scores of the other clusters. When there is little
entropy between clusters, the clusters are balanced, e.g.,
have well distributed/even distribution of coverage. The
system may generate a respective balance score for each
cluster in the cluster result (e.g., clustering level).

The system may also calculate an overlap score for each
cluster (415). The overlap score is a measure of the duplicate
search items in different clusters. While overlap can occur,
overlap that is too high is undesirable. The system may
calculate an overlap score specific to a cluster, e.g., an
indication of the number of items in the cluster that are also
found in another cluster. In some implementations, the
overlap score may be an inverse of the number of duplicate
search items. In other words, no overlapping search items
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may result in a higher overlap score. Thus, the system may
calculate a respective overlap score for each cluster in the
cluster result.

The system may also calculate a silhouette score for each
cluster (420). The silhouette score measures how coherent
and separate a cluster is. A cluster is coherent when the items
in the cluster are highly similar. A cluster is separate when
the items in the cluster are not that similar with items in the
cluster’s nearest neighbor. A nearest neighbor is understood
to refer to the cluster in the cluster result that is most similar
to the cluster being scored. This may be based on the same
similarity metric used in the clustering methodology being
used. Thus, the silhouette score is a combination of coher-
ency and separateness. The system may calculate a respec-
tive silhouette score for each cluster in the cluster result.

The system may also calculate a silhouette ratio score
(425). This score may be the same for each cluster in the
cluster result (e.g., the clusters at a particular level). The
silhouette ratio represents the percentage of clusters in the
cluster result that have a silhouette score above a predeter-
mined threshold. The predetermined threshold may be
implementation-dependent. In some implementations, the
system may use a machine learning algorithm to set the
predetermined threshold based on human-curated training
examples. In some implementations, the threshold may be
set by a user. The silhouette ratio score better approximates
human judgment of cluster quality than a simple weighted
average of cluster silhouette scores. The system may calcu-
late the silhouette ratio once for each cluster result, but it
may be used to calculate an individual cluster’s cluster
score.

The system may calculate a cluster score for each cluster
in the cluster result (430). The cluster score for a particular
cluster may be a combination of one or more of the coverage
score, the balance score, the overlap score, and the silhouette
score for the particular cluster as well as the silhouette ratio
for the cluster result. In some implementations, the combi-
nation may be a regression. Step 430 is performed for each
cluster in the cluster level. The cluster score assists the
clustering methods to determine when further clustering is
merited. Process 400 then ends.

FIG. 5 illustrates a flow diagram of an example process
for generating an entity ontology, in accordance with dis-
closed subject matter. Process 500 may be performed, for
example, by an entity ontology engine in a search result
clustering system, such as system 100 of FIG. 1. Process 500
may use a knowledge base to identify entities that may be
ontologically related in a domain for search items and
propose ontological relationships to be verified via a crowd-
sourcing application.

The system may identify whitelist entities from a knowl-
edge base (505). In some implementations, a user may
identify the whitelist entities and provide the whitelist
entities to the system. In some implementations, all entities
in a knowledge base may be identified as whitelist entities.
In some implementations, the system may identify whitelist
entities as those mapped to the search items. For example,
when the search items are applications available from a web
store, the search items may map to a subset of entities in the
knowledge base. In some implementations, a user may
augment this subset of entities. The system may then use
various inputs to determine potentially related pairs of
entities. For example, pairs of entities that co-occur in the
context associated with search items may be related (510).
Thus, for example, if a description of an application men-
tions “game” and “puzzle”, both of which are entities in a
knowledge base, the system may pair the game and puzzle
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entities. In some implementations, the system may compute
a similarity between the two entities in the pair and only
keep the pair if the similarity metric meets a threshold. For
example, the similarity metric may be a Jaccard similarity
representing the similarity of related entities in the knowl-
edge base. For example, the closer two entities are the more
overlap in their related entities in the knowledge base. The
Jaccard metric measures the overlap. In some implementa-
tions the threshold need not be high. For example, if the
similarity is expressed as a number between 0 and 1, with 1
indicating highest similarity, the threshold may be 0.2. If a
pair selected based on co-occurrence in the context does not
have a similarity score that meets this minimal threshold the
system may discard it.

In some implementations, the system may pair entities
where one entity name is a subset of another entity name
(515). For example, if one entity is National Football League
and another entity is just football the system may pair the
two entities. In some implementations, the system may
guess that the longer named entity is a child of the shorter
named entity e.g., the system may guess that National
Football League is a child of football.

In some implementations, the system may pair entities
found in text associated with top ranked/popular search
items for a query (520). For example, the system may track
the popularity/ranking data (e.g., conversion data) for the
most popular queries within the system. For the search items
included in this data, the system may pair the entities found
in text associated with one search item with entities found in
the text associated with another search item for the same
query. For example, an application may have an annotation
or description associated with the application. If the anno-
tation of a first application mentions football and the anno-
tation of another application mentions soccer and both
applications are top-ranked (e.g., converted) applications for
the same query, the system may pair football and soccer.

In some implementations, the system may pair entities
with a close embedding space (525). As described above, all
entities related to an application via text (e.g., app annota-
tions or descriptions) are given a score ranging from O to 1,
with 1 representing the highest relationship between the
application and the entity. The system may use a machine
learning algorithm to generate an embedding for the appli-
cation. As each application and entity is represented as a
point in high-dimension space, the distance between points
refers to how closely related to objects (apps or entities) are.
Thus, the system may pair entities with a small distance
(close distance) in the embedding space.

The system may then use crowdsourcing applications to
verify the type of relationship between the pairs, which
generates the entity ontology (530). As indicated above, the
system may take advantage of existing crowdsourcing appli-
cations or may use a proprietary application. The goal of a
crowdsourced question may be to classify a pair of entities
as synonym, hypernym, unrelated, or “I don’t know”, which
means a relationship likely exists, but may not be one of
hypernym or synonym. If at least two crowd source verifi-
cations indicate a pair is not related, the pair may be
discarded. If at least two crowdsource verifications indicate
a relationship of hypernym or synonym, the pair is given the
corresponding relationship in the entity ontology. Of course,
step 530 may be performed in other manners besides crowd-
sourcing, especially where there are not as many pairs.
Process 500 then ends, having generated an entity ontology
that supports the clustering described herein. The system
may repeat process 500 occasionally to look for additional
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entity pairs that may be added to the ontology as search
items are added to the system.

FIG. 6 shows an example of a generic computer device
600, which may be system 100, and/or client 170 of FIG. 1,
which may be used with the techniques described here.
Computing device 600 is intended to represent various
example forms of computing devices, such as laptops,
desktops, workstations, personal digital assistants, cellular
telephones, smart phones, tablets, servers, and other com-
puting devices, including wearable devices. The compo-
nents shown here, their connections and relationships, and
their functions, are meant to be examples only, and are not
meant to limit implementations of the inventions described
and/or claimed in this document.

Computing device 600 includes a processor 602, memory
604, a storage device 606, and expansion ports 610 con-
nected via an interface 608. In some implementations,
computing device 600 may include transceiver 646, com-
munication interface 644, and a GPS (Global Positioning
System) receiver module 648, among other components,
connected via interface 608. Device 600 may communicate
wirelessly through communication interface 644, which may
include digital signal processing circuitry where necessary.
Each of the components 602, 604, 606, 608, 610, 640, 644,
646, and 648 may be mounted on a common motherboard or
in other manners as appropriate.

The processor 602 can process instructions for execution
within the computing device 600, including instructions
stored in the memory 604 or on the storage device 606 to
display graphical information for a GUI on an external
input/output device, such as display 616. Display 616 may
be a monitor or a flat touchscreen display. In some imple-
mentations, multiple processors and/or multiple buses may
be used, as appropriate, along with multiple memories and
types of memory. Also, multiple computing devices 600 may
be connected, with each device providing portions of the
necessary operations (e.g., as a server bank, a group of blade
servers, or a multi-processor system).

The memory 604 stores information within the computing
device 600. In one implementation, the memory 604 is a
volatile memory unit or units. In another implementation,
the memory 604 is a non-volatile memory unit or units. The
memory 604 may also be another form of computer-readable
medium, such as a magnetic or optical disk. In some
implementations, the memory 604 may include expansion
memory provided through an expansion interface.

The storage device 606 is capable of providing mass
storage for the computing device 600. In one implementa-
tion, the storage device 606 may be or include a computer-
readable medium, such as a floppy disk device, a hard disk
device, an optical disk device, or a tape device, a flash
memory or other similar solid state memory device, or an
array of devices, including devices in a storage area network
or other configurations. A computer program product can be
tangibly embodied in such a computer-readable medium.
The computer program product may also include instruc-
tions that, when executed, perform one or more methods,
such as those described above. The computer- or machine-
readable medium is a storage device such as the memory
604, the storage device 606, or memory on processor 602.

The interface 608 may be a high speed controller that
manages bandwidth-intensive operations for the computing
device 600 or a low speed controller that manages lower
bandwidth-intensive operations, or a combination of such
controllers. An external interface 640 may be provided so as
to enable near area communication of device 600 with other
devices. In some implementations, controller 608 may be
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coupled to storage device 606 and expansion port 614. The
expansion port, which may include various communication
ports (e.g., USB, Bluetooth, Ethernet, wireless Ethernet)
may be coupled to one or more input/output devices, such as
a keyboard, a pointing device, a scanner, or a networking
device such as a switch or router, e.g., through a network
adapter.

The computing device 600 may be implemented in a
number of different forms, as shown in the figure. For
example, it may be implemented as a standard server 630, or
multiple times in a group of such servers. It may also be
implemented as part of a rack server system. In addition, it
may be implemented in a personal computer such as a laptop
computer 622, or smart phone 636. An entire system may be
made up of multiple computing devices 600 communicating
with each other. Other configurations are possible.

FIG. 7 shows an example of a generic computer device
700, which may be system 100 of FIG. 1, which may be used
with the techniques described here. Computing device 700
is intended to represent various example forms of large-scale
data processing devices, such as servers, blade servers,
datacenters, mainframes, and other large-scale computing
devices. Computing device 700 may be a distributed system
having multiple processors, possibly including network
attached storage nodes, that are interconnected by one or
more communication networks. The components shown
here, their connections and relationships, and their func-
tions, are meant to be examples only, and are not meant to
limit implementations of the inventions described and/or
claimed in this document.

Distributed computing system 700 may include any num-
ber of computing devices 780. Computing devices 780 may
include a server or rack servers, mainframes, etc. commu-
nicating over a local or wide-area network, dedicated optical
links, modems, bridges, routers, switches, wired or wireless
networks, etc.

In some implementations, each computing device may
include multiple racks. For example, computing device 780a
includes multiple racks 7584-758#n. Each rack may include
one or more processors, such as processors 752a-752n and
762a-762n. The processors may include data processors,
network attached storage devices, and other computer con-
trolled devices. In some implementations, one processor
may operate as a master processor and control the schedul-
ing and data distribution tasks. Processors may be intercon-
nected through one or more rack switches 758, and one or
more racks may be connected through switch 778. Switch
778 may handle communications between multiple con-
nected computing devices 700.

Each rack may include memory, such as memory 754 and
memory 764, and storage, such as 756 and 766. Storage 756
and 766 may provide mass storage and may include volatile
or non-volatile storage, such as network-attached disks,
floppy disks, hard disks, optical disks, tapes, flash memory
or other similar solid state memory devices, or an array of
devices, including devices in a storage area network or other
configurations. Storage 756 or 766 may be shared between
multiple processors, multiple racks, or multiple computing
devices and may include a computer-readable medium stor-
ing instructions executable by one or more of the processors.
Memory 754 and 764 may include, e.g., volatile memory
unit or units, a non-volatile memory unit or units, and/or
other forms of computer-readable media, such as a magnetic
or optical disks, flash memory, cache, Random Access
Memory (RAM), Read Only Memory (ROM), and combi-
nations thereof. Memory, such as memory 754 may also be
shared between processors 752a-752n. Data structures, such
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as an index, may be stored, for example, across storage 756
and memory 754. Computing device 700 may include other
components not shown, such as controllers, buses, input/
output devices, communications modules, etc.

An entire system, such as system 100, may be made up of
multiple computing devices 700 communicating with each
other. For example, device 780a may communicate with
devices 7805, 780c, and 7804, and these may collectively be
known as system 100. As another example, system 100 of
FIG. 1 may include one or more computing devices 700.
Some of the computing devices may be located geographi-
cally close to each other, and others may be located geo-
graphically distant. The layout of system 700 is an example
only and the system may take on other layouts or configu-
rations.

According to one aspect, a method includes determining
items responsive to a query, generating first-level clusters of
items, each cluster representing an entity in a knowledge
base and including items mapped to the entity, merging the
first-level clusters based on an entity ontology relationships,
and applying hierarchical clustering to the merged clusters,
producing final clusters. The method also includes initiating
the display of the items responsive to the query according to
the final clusters.

These and other aspects can include one or more of the
following features. For example, merging the first-level
clusters based on the entity ontology relationships can
include, for a first first-level cluster, determining a second
first-level cluster and a third first-level cluster related to the
first first-level cluster in the entity ontology relationships,
determining that the first first-level cluster is more similar to
the second first-level cluster than the third first-level cluster,
and merging the first first-level cluster with the second
first-level cluster. As another example, merging the first-
level clusters based on the entity ontology can include, for
a first first-level cluster, determining a second first-level
cluster and a third first-level cluster related to the first
first-level cluster based on the entity ontology, determining
that the third first-level cluster and the first first-level cluster
are smaller than the second first-level cluster, and merging
the first first-level cluster with the third first-level cluster. As
another example, merging the first-level clusters based on
the entity ontology relationships can include calculating a
respective cluster score for each first-level cluster, determin-
ing second-level cluster candidates, calculating a cluster
score for the second-level cluster candidates, and discarding
a second-level cluster candidate when the cluster score for
the second-level cluster candidate is less than any of the
cluster scores for the first-level clusters included in the
second-level cluster candidate.

As another example, the method may also include calcu-
lating a respective cluster score for each first-level cluster
and using the respective cluster scores during the merging.
In some implementations, calculating a cluster score for a
first first-level cluster include calculating a coverage score
for the first first-level cluster, calculating a balance score for
the first first-level cluster, calculating an overlap score for
the first first-level cluster, and setting the cluster score to a
regression of the coverage score, the balance score, and the
overlap score. In some implementations, calculating the
cluster score for a first-level cluster can further include
calculating a silhouette score for each cluster and calculating
a silhouette ratio that applies to all clusters, and setting the
cluster score to a regression of the coverage score, the
balance score, the overlap score, the silhouette score, and the
silhouette ratio. As another example, the method may also
include pre-computing base clusters prior to receiving the
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query, wherein a base cluster represents search items asso-
ciated with one entity based on the mapping and the first-
level clusters are subsets of the base clusters.

According to one aspect, a method of scoring a cluster
includes generating first clusters from items responsive to a
query each cluster representing an entity in a knowledge
base and including items mapped to the entity, calculating a
respective coverage score for each first cluster, calculating a
respective balance score for each first cluster, calculating a
respective overlap score for each first cluster, calculating a
respective silhouette score for each first cluster, calculating
a silhouette ratio that applies to all first clusters, and calcu-
lating, for each first cluster, a respective cluster score as a
regression of the respective coverage score, the respective
balance score, the respective overlap score, the respective
silhouette score, and the silhouette ratio.

These and other aspects can include one or more of the
following features. For example, the silhouette ratio may be
a ratio of a quantity of first clusters with a silhouette score
above a threshold divided by a total quantity of first clusters.
As another example, the first clusters may each be associated
with one of the entities. As another example, the method
may also include generating second clusters by applying a
clustering methodology to the first clusters and calculating a
respective cluster score for each second cluster as a regres-
sion of a coverage score, a balance score, an overlap score,
a silhouette score, and a silhouette ratio. As another
example, an embedding similarity metric is used to calculate
the silhouette ratio, the embedding similarity metric being
based on the mapping of items to entities.

According to one aspect, a method includes determining
items responsive to a query, generating first-level clusters
from the items, each cluster representing an entity in a
knowledge base and including items mapped to the entity,
producing final clusters by merging the first-level clusters
based on an entity ontology and an embedding space, the
embedding spacing being generated from an embedding
model that uses the mapping, and initiating display of the
items responsive to the query according to the final clusters.

These and other aspects can include one or more of the
following features. For example, producing the final clusters
based on an entity ontology and an embedding space can
include merging the first-level clusters based on an entity
ontology to generate intermediate clusters and applying
hierarchical clustering using the embedding space to the
intermediate clusters, producing the final clusters. In some
implementations, merging the first-level clusters based on
the entity ontology can include, for a first first-level cluster,
identifying a second first-level cluster and a third first-level
cluster related to the first first-level cluster based on the
entity ontology, determining that the first first-level cluster is
more similar to the second first-level cluster than to the third
first-level cluster, and merging the first first-level cluster
with the second first-level cluster. In some implementations,
merging the first-level clusters based on the entity ontology
can include, for a first first-level cluster, identifying a second
first-level cluster and a third first-level cluster related to the
first first-level cluster based on the entity ontology, deter-
mining that the third first-level cluster and the first first-level
cluster are each smaller than the second first-level cluster,
and merging the first first-level cluster with the third first-
level cluster.

As another example, producing final clusters based on an
entity ontology and an embedding space can include calcu-
lating a distance score between pairs of entities in a candi-
date cluster pair, adjusting the distance score for the candi-
date cluster pair to favor higher similarity when the pair
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includes entities related in the ontology, and merging the
first first-level clusters based on the adjusted distance score.
As another example, the items are mobile applications and
the mapping of mobile applications to entities is based on an
application annotation service. As another example, produc-
ing the final clusters can include calculating a silhouette
score for each cluster, calculating a silhouette ratio that
applies to all clusters, and calculating a cluster score for each
cluster that accounts for the silhouette score and the silhou-
ette ratio.

Various implementations can include implementation in
one or more computer programs that are executable and/or
interpretable on a programmable system including at least
one programmable processor, which may be special or
general purpose, coupled to receive data and instructions
from, and to transmit data and instructions to, a storage
system, at least one input device, and at least one output
device.

These computer programs (also known as programs,
software, software applications or code) include machine
instructions for a programmable processor, and can be
implemented in a high-level procedural and/or object-ori-
ented programming language, and/or in assembly/machine
language. As used herein, the terms “machine-readable
medium” “computer-readable medium” refers to any non-
transitory computer program product, apparatus and/or
device (e.g., magnetic discs, optical disks, memory (includ-
ing Read Access Memory), Programmable Logic Devices
(PLDs)) used to provide machine instructions and/or data to
a programmable processor.

The systems and techniques described here can be imple-
mented in a computing system that includes a back end
component (e.g., as a data server), or that includes a middle-
ware component (e.g., an application server), or that
includes a front end component (e.g., a client computer
having a graphical user interface or a Web browser through
which a user can interact with an implementation of the
systems and techniques described here), or any combination
of'such back end, middleware, or front end components. The
components of the system can be interconnected by any
form or medium of digital data communication (e.g., a
communication network). Examples of communication net-
works include a local area network (“LLAN”), a wide area
network (“WAN”), and the Internet.

The computing system can include clients and servers. A
client and server are generally remote from each other and
typically interact through a communication network. The
relationship of client and server arises by virtue of computer
programs running on the respective computers and having a
client-server relationship to each other.

A number of implementations have been described. Nev-
ertheless, various modifications may be made without
departing from the spirit and scope of the invention. In
addition, the logic flows depicted in the figures do not
require the particular order shown, or sequential order, to
achieve desirable results. In addition, other steps may be
provided, or steps may be eliminated, from the described
flows, and other components may be added to, or removed
from, the described systems. Accordingly, other implemen-
tations are within the scope of the following claims.

What is claimed is:

1. A method comprising:

determining items responsive to a query;

generating first-level clusters of the items, each cluster
representing an entity in a knowledge base and includ-
ing items mapped to the entity;
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calculating a respective cluster score for each first-level
cluster, wherein the respective cluster score for a first-
level cluster is based on a respective silhouette score
that measures coherence and separation of the first-
level cluster and on a silhouette ratio representing a
percentage of all first-level clusters having a respective
silhouette score above a threshold;
merging the first-level clusters based on entity ontology
relationships and on respective cluster scores calcu-
lated for the merged clusters, wherein the respective
cluster score of a merged cluster represents a better
score than the respective cluster scores for first-level
clusters included in the merged cluster;
applying hierarchical clustering to the merged clusters,
producing final clusters that maximize respective clus-
ter scores for the hierarchical clustering; and

providing the items responsive to the query for display
according to the final clusters.

2. The method of claim 1, wherein merging the first-level
clusters based on the entity ontology relationships and on the
respective cluster scores includes, for a first first-level clus-
ter:

determining a second first-level cluster and a third first-

level cluster related to the first first-level cluster in the
entity ontology relationships;

determining that the first first-level cluster is more similar

to the second first-level cluster than the third first-level
cluster;

creating a second-level cluster candidate by merging the

first first-level cluster with the second first-level cluster;
calculating a respective cluster score for the second-level
cluster candidate; and

keeping the second-level cluster candidate when the

respective cluster score for the second-level cluster
candidate represents a better score than the respective
cluster score for the first first-level cluster and repre-
sents a better score than the respective cluster score for
the second first-level cluster.

3. The method of claim 2, wherein an embedding simi-
larity metric is used to determine that the first first-level
cluster is more similar to the second first-level cluster.

4. The method of claim 1, wherein merging the first-level
clusters based on the entity ontology and on the respective
cluster scores includes, for a first first-level cluster:

determining a second first-level cluster and a third first-

level cluster related to the first first-level cluster based
on the entity ontology relationships;

determining that the third first-level cluster and the first

first-level cluster are smaller than the second first-level
cluster;

creating a second-level cluster candidate by merging the

first first-level cluster with the third first-level cluster;
calculating a respective cluster score for the second-level
cluster candidate; and

keeping the second-level cluster candidate when the

respective cluster score for the second-level cluster
candidate represents a better score than the respective
cluster score for the first first-level cluster and repre-
sents a better score than the respective cluster score for
the second first-level cluster.

5. The method of claim 4, wherein merging the first-level
clusters based on the entity ontology relationships includes:

discarding the second-level cluster candidate when the

cluster score for the second-level cluster candidate
represents a worse score than any of the cluster scores
for the first-level clusters included in the second-level
cluster candidate.
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6. The method of claim 1, wherein calculating a respective
cluster score for each first first-level cluster includes:

calculating a coverage score for the first first-level cluster;

calculating a balance score for the first first-level cluster;
calculating an overlap score for the first first-level cluster;
and

setting the cluster score to a regression of the silhouette

score, the silhouette ratio, the coverage score, the
balance score, and the overlap score.

7. The method of claim 1, wherein calculating the respec-
tive cluster score further includes:

setting the cluster score to a regression of the silhouette

score and the silhouette ratio.

8. The method of claim 1, further comprising:

pre-computing base clusters prior to receiving the query,

a base cluster representing search items associated with
one entity based on the mapping,

wherein the first-level clusters are subsets of the base

clusters.

9. A method comprising:

generating first clusters from items responsive to a query,

each cluster representing an entity in a knowledge base
and including items mapped to the entity;

calculating a respective coverage score for each first

cluster;

calculating a respective balance score for each first clus-

ter;

calculating a respective overlap score for each first clus-

ter;

calculating a respective silhouette score for each first

cluster;
calculating a silhouette ratio that applies to all first
clusters, wherein a silhouette ratio is a ratio of a
quantity of first clusters with a silhouette score above a
threshold divided by a total quantity of first clusters;

calculating, for each first cluster, a respective cluster score
as a regression of the respective coverage score, the
respective balance score, the respective overlap score,
the respective silhouette score, and the silhouette ratio;

generating second clusters by applying a clustering meth-
odology to the first clusters, wherein the clustering
methodology selects second clusters where a respective
cluster scores for the second cluster, which is also based
on a regression of a coverage score, a balance score, an
overlap score, a silhouette score, and a silhouette ratio,
represents a better score than the respective cluster
scores for first clusters included in the second cluster;
and

providing the items responsive to the query for display

according to the second clusters.

10. The method of claim 9, wherein calculating the cluster
score includes using a weight to favor at least one of the
coverage score, the balance score, the overlap score, the
silhouette score, or the silhouette ratio based on a search
domain for the items.

11. The method of claim 9, wherein the first clusters are
each associated with one of the entities.

12. The method of claim 9, wherein the clustering meth-
odology comprises:

generating intermediate clusters by merging the first clus-

ters based on entity ontology, each intermediate cluster
having a better respective cluster score than the respec-
tive cluster score of any first-level clusters in the
intermediate cluster; and

generating the second clusters using a hierarchical clus-

tering.
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13. The method of claim 9, wherein an embedding simi-
larity metric is used to calculate the silhouette ratio, the
embedding similarity metric being based on a mapping of
items to entities.

14. A method comprising:

determining items responsive to a query;

generating first-level clusters from the items, each cluster

representing an entity in a knowledge base and includ-
ing items mapped to the entity;

calculating a respective cluster score for each first-level

cluster, wherein the respective cluster score for a first-
level cluster is based on a respective silhouette score
that measures coherence and separation of the first-
level cluster and on a silhouette ratio representing a
percentage of all first-level clusters having a respective
silhouette score above a threshold;

producing final clusters by merging the first-level clusters

based on an entity ontology and an embedding space,
the embedding space being generated from an embed-
ding model that uses the mapping, each final cluster
having a respective cluster score that is greater than any
of the respective cluster scores for the first-level clus-
ters included in the final cluster, and the respective
cluster score of a final cluster also being based on a
silhouette score and a silhouette ratio calculated for the
final cluster; and

providing the items responsive to the query for display

according to the final clusters.

15. The method of claim 14, wherein producing the final
clusters based on an entity ontology and an embedding space
includes:

merging the first-level clusters based on an entity ontol-

ogy to generate intermediate cluster, wherein a respec-
tive cluster score for an intermediate cluster is calcu-
lated based a silhouette score and a silhouette ratio for
the intermediate cluster; and

applying hierarchical clustering using the embedding

space to the intermediate clusters, producing the final
clusters.
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16. The method of claim 15, wherein merging the first-
level clusters based on the entity ontology includes, for a
first first-level cluster:

identifying a second first-level cluster and a third first-

level cluster related to the first first-level cluster based
on the entity ontology;

determining that the first first-level cluster is more similar

to the second first-level cluster than to the third first-
level cluster; and

merging the first first-level cluster with the second first-

level cluster.

17. The method of claim 15, wherein merging the first-
level clusters based on the entity ontology includes, for a
first first-level cluster:

identifying a second first-level cluster and a third first-

level cluster related to the first first-level cluster based
on the entity ontology;

determining that the third first-level cluster and the first

first-level cluster are each smaller than the second
first-level cluster; and

merging the first first-level cluster with the third first-level

cluster.

18. The method of claim 14, wherein producing final
clusters based on an entity ontology and an embedding space
includes:

calculating a distance score between pairs of entities in a

candidate cluster pair;

adjusting the distance score for the candidate cluster pair

to favor higher similarity when the pair includes enti-
ties related in the entity ontology; and

merging the first first-level clusters based on the adjusted

distance score.

19. The method of claim 14, wherein the items are mobile
applications and the mapping of mobile applications to
entities is based on an application annotation service.

20. The method of claim 14, wherein calculating a respec-
tive cluster score includes:

applying a weight in a regression of the silhouette score

and the silhouette ratio to favor at least one of the
silhouette score or the silhouette ratio.
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